This paper proposes the correction of faulty sensors using a synthesis of the greedy sparse constrained optimization GSCO) technique. The failure of sensors can damage the radiation power pattern in terms of sidelobes and nulls. The synthesis problem can recover the wanted power pattern with reduced number of sensors into the background of greedy algorithm and solved with orthogonal matching pursuit (OMP) technique. Numerical simulation examples of linear arrays are offered to demonstrate the effectiveness of getting the wanted power pattern with a reduced number of antenna sensors which is compared with the available techniques in terms of sidelobes level and number of nulls.
Introduction
This paper stresses on the problem of failure correction in linear antenna arrays which has many applications in satellite and radar communication systems [1] [2] [3] [4] [5] . The possibility of failure of one or more sensors in the communication system can damage the radiation power pattern in terms of sidelobes, nulls and the communication become a dream. To get the wanted power pattern with the active number of sensors is very important to continue the communication. The synthesis problem in antenna array is associated to find the weights and locations for the active sensors that produce a desired pattern. This technique focuses to get the wanted power pattern even in case of failure of antenna sensors. Detection and correction of faulty patterns in antenna arrays have received increasing attention in the recent years [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] . It is very important to detect the position of faulty sensors. Once the position of faulty sensors is detected [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] , such as from a small number of far field measurements [6] [7] [8] , detection on the basis of pattern [9] , evolutionary algorithms [10] [11] [12] [13] and compressed sensing techniques [14] [15] [16] , then the correction techniques applied to recover the desired pattern. The pattern recovery techniques include evolutionary algorithms such as cuckoo search algorithm [17] [18] , cultural algorithm with differential evolution [19] , genetic algorithm with pattern search [20] , firefly algorithm [21] , grey wolf optimizer along with interior point algorithm [22] swarm optimization for failed array compensation [23] [24] and improved genetic algorithm [25] . For most of them, the pattern is recovered by adjusting the active sensors by only controlling the excitation weights of the antenna arrays. Such correction of array failure can simply be solved by the computational methods which is time consuming without reducing the number of sensors. In addition, most correction techniques in the literature deal only with the active sensors and requires a large computation to adjust the remaining sensors in the array to get the desired radiation power pattern. Another possibility to get the desired pattern is the time modulated linear arrays [26] , conjugate gradient technique [27] and some analytical technique [28] achieved the sidelobes level only but can not resolve the issue of null placement and null depth level at the desired locations. Indeed, using nonuniform sensor spacings has more freedoms and can reduce the number of sensors to get the desired radiation power pattern. For the synthesis of a nonuniformly spaced array with single-pattern, many practical methods have been proposed, such as a convex optimization [29] , sequential convex optimization [30] matrix pencil [31] , extended matrix pencil algorithm [32] and sparseness optimization algorithms [33] are applied to get the desired pattern with reduced number of sensors. The failure correction of sensors by the greedy optimization algorithm is an interesting and efficient way to get the desired power pattern with the minimum number of sensors. In this paper, the failure correction problem is developed from the greedy sparseness constrained optimization (GSCO) point of view. The objective is to develop the wanted pattern with the reduced number of sensors. The existing techniques use the minimum L 2 optimization and resolve with global search optimization techniques which has mainly two problems. First, the global search optimization technique requires large computations and is time consuming, particularly for satellite communications. Secondly, the L 2 norm minimization gives the approximate desired radiation power pattern, but does not guarantee with the reduced number of sensors. In this study, an antenna array failure correction problem is studied from the GSCO technique which finds as few non-zero values which correspond to the active sensors of the array in the recovered radiation power pattern. Suppose an array of N sensors with uniform spacing and some sensors in the array become damaged. The sensors which fail is corresponding to having no location in the antenna array. Therefore, we can say that the array sensor positions is sparse, so the active sensors is fewer than the total number of sensors in the the array antenna. The main aim of array failure correction is to get the desired pattern with minimum number of sensors whose weight excitation is not equal to zero. Thus the failure correction problem is ensemble as an optimization problem and solved by GSCO technique. The proposed solution provides better radiation pattern in terms of sidelobes and nulls than the existing methods with less number of sensors. The organization of the paper is planned as follows. Correction of linear arrays with greedy sparseness constrained optimization technique is offered In Section II. In section III, some simulation results is offered to confirm the effectiveness of the recovered pattern with the proposed solution. Some concluding remarks with future directions are discussed in Section IV.
Linear array
Consider a non uniforrrm symmetrical linear array antenna consists of N number of sensors as shown in Fig 1. The healthy array factor for this setup is given by [34] [35] ,
where a i is the Chebyshev excitation weight of the ith sensor positioned at d i and k is the wave number. It is supposed that the weight excitations of the antenna array are conjugate symmetrical. For an even N number of sensors, the weight excitations can be written as follows,
and for odd number of sensors it can be written as follows,
Through this condition, the array factor is a real valued and can be written as follows,
Eq (2) Now if one or more sensors in the antenna array become damaged. The power pattern for this damage setup can be given by the following expression as follows Table 1 . So, the main objective of this work is to correct the failure pattern with the minimum number of sensors that has the same desired pattern as the Chebyshev pattern. The proposed methodology is based on the greedy sparseness constrained optimization (GSCO) technique to correct the failure pattern with the minimum number of sensors.
Correction of array failure with greedy sparseness constrained optimization
This paper emphasis on the problem of correcting the failure pattern with reduced number of sensors in linear antenna array. The main objective is to get a recoverd array which has reduced number of sensors while keeping the desired power pattern as that of the original where A(θ) is the original Chebyshev pattern at different directions, Q is the minimum number of sensors of the recovered pattern, w i is the excitation weight of the ith sensor of the recovered array at location d i while k = 2π/λ is the wave number. The main goal is to recover the wanted pattern A(θ) with the reduced number of sensors under a cost function which gives minimum mean square error.
Greedy sparseness constrained optimization technique
In this section, we develop the array failure solution based on greedy sparseness constrained optimization (GSCO) technique. As we had seen the failure of sensor, damage the radiation power pattern. The GSCO find as few non-zero values in a measurement matrix which represents the minimum number of sensors in the array. Suppose that the antenna sensors are placed symmetrically along the x-axis with uniform spacing. As we had assumed the failure of some sensors. Now there are two situations in the antenna array, one state radiating the waves while the other state is damaged which do not radiate. Eq (2) can be given in a matrix form as follows. 
½A ¼ ½M
where the number of samples is of the power pattern is m and n is the reduced number of sensors required to get the wanted pattern. A is m × 1 vector having the radiation power pattern in different directions, M is m × n measurement matrix of steering vectors having m < n and w is the n × 1 excitation weights of the minimum number of sensors required to get the desired pattern. Subsequently w has m nonzero values, the radiation vector A = Mw is a linear combination of m columns from M. To recover the desired pattern, we want to find that which columns of M contribute in the radiation vector A. In this technique the columns are picked in a greedy way. At every iteration, the colum of M are choosen that is intensely correlated with the radiation vector A. Then deduct off its impact to A and repeat on residual and after m repetitions the proposed technique will recoverd the desired pattern. 
where ε is the error. In Eq (1) we look to seek thereduced number of non-zero weights excitationŵ. Matching with the existing techniques resolved with L 2 minimization, this paper performs the array correction problem as greedy sparse optimization and convert the L 2 norm to L 1 norms. The L 2 norm is computationally expensive and requires a large time to get the desired pattern. On the other hand, the L 1 norm is convex and promotes sparsity in the solution and is computationally efficient. Moreover the L 1 minimization gets the wanted pattern with the reduced number of sensors.
Simulation results
In this section, simulation results are offered to confirm the efficiency of the proposed (GSCO) technique for failure correction in array antennas.
Correction of failure with Chebyshev array
In this case, a Chebyshev (test array) uniform linear array of 20 numbers of sensors is considered to check the validity of the proposed GSCO technique for failure correction. The sidelobes of the test array is taken as -35 dB and Table 2 shows the excitation weights for the test array antenna. The Chebyshev radiation power pattern of these weights is depicted in Fig 3 by method. So, the proposed method is very effective in case of failure and one can get the desired pattern with minimum number of sensors. The weights of the recovered pattern obtained by the proposed method are given in Table 2 . The proposed method recovers the desired pattern in terms of sidelobes, null depth level and main beam width nearly the same as that of the original Chebyshev array. The MSE in this case is 2.1e-3 while the computation time for the recovery of the desired pattern is 2.7 s and require 97 number of samples to get the desired pattern. The values of sidelobes level, NDL and nulls are palced at the desired angles by the proposed GSCO as depicted in Table 3 . In the second case, we consider the Chebyshev array of 32 numbers of sensors, but this time, consider the failure of six sensors w 17 ,w 18 ,w 19 ,w 20 ,w 21 ,w 22 , due to which radiation pattern disturbs badly. From the results of Fig 4, it is clear that the desired pattern is recovered by the proposed method from 26 numbers of sensors. In this case, the MSE is 2.7e-2. For the recovery of the desired pattern, the proposed method require 105 number of samples. From the simulation results it is clear that if the array size increases the MSE also increases. The computation time required to recover the pattern is 3.4 s. The weight and positions of the recovered pattern obtained by the proposed GSCO are given in Table 4 .
Correction of failure with Taylor pattern
In this example, a Taylor array of 30 numbers of sensors with sidelobes level -35 dB is taken as the test array. We assumed that six numbers of sensors w 16 ,w 17 ,w 8 ,w 9 ,w 20 ,w 21 get damaged in the array. Due to which the pattern disturbs severely. Its sidelobes level increases and nulls are damaged. In such critical situation, the communications become a dream. Now the main job is to recover the wanted pattern with reduced number of sensors by adjusting the weights and distance in the antenna array. To check the validity of the proposed method, we assume the failure of six sensors in an array of 30 sensors, i.e. 20% sensors are damaged. As one can see in Fig 5 , due to this failure the whole pattern disturbs. The require is to get the desired pattern from 24 numbers of sensors by the proposed GSCO technique. Table 5 
Correction of failure with large arrays
In order to check the validity of the proposed GSCO technique for large arrays usually used in satellite and radar communications systems. At the first instant, we consider a large linear array of 100 numbers of sensors of Chebyshev pattern with sidelobes level -40 dB as shown in Fig 7 and assumed that 10 number of sensors w 51 ,w 52 ,w 53 ,w 54 ,w 55 ,w 56 ,w 57 ,w 58 ,w 59 ,w 60 are getting damaged. As one can clearly observe that due to 10 sensor damage, the pattern get damaged badly. By applying the proposed method, the pattern can be recovered from 90 numbers of sensors. The recovered pattern shown in Fig 7 by the red dotted lines is approximately the same as that of the original Chebyshe array. The MSE for the recovered pattern is 4e-2. The time taken for the recovery of the desired is 9.3 s which is much less than the evolutionary computational techniques. The recovery of the desired pattern by the proposed technique in short time shows its effectiveness. In the second case, the Taylor pattern of 100 numbers of sensors with sidelobes level -40 dB is taken to check the validity of the proposed technique which is depicted in Fig 8. Now we consider the failure of 10 sensors w 51 ,w 52 ,w 53 ,w 54 ,w 55 ,w 56 ,w 57 ,w 58 ,w 60 ,w 61 at different positions. In antenna arrays, the position of failure is very important. If the sensors get damaged near the center of the array, then it disturbs the pattern badly as compared to the corner element failure. The proposed method recovered the pattern in terms of sidelobes, nulls and main beam width by adjusting the weights and positions of the remaining sensors in the array. The recovered pattern is shown in Fig 8 by the red dotted line. In Fig 9, we have assumed the failure of random number of sensors w 1 ,w 3 ,w 4 ,w 7 . One can clearly monitor that due to random failure the Chebyshev power pattern disturbs badly. By applying the proposed method, the desired pattern is recovered which is depicted in Fig 9 by the red dotted lines. 
Comparison with the existing techniques
The proposed technique, performance is compared with the existing technique [25] [26] . The performance parameter for comparison is sidelobes level, null depth level, number of nulls and the computational time. The proposed method recovered the desired pattern with minimum number of sensors as compared to the existing techniques. In [25] , sidelobes are recovered only by adjusting the remaining number of sensors while [26] recovers the sidelobes and some null but not at the required positions. Moreover, it requires more computation to get the desired pattern. On the other hand, our proposed technique recovers the sidelobes, nulls at their desired locations and require less computation time. The comparative analysis of existing and proposed technique are given in Table 6 . By the proposed technique, we get the desired power pattern in terms of sidelobes, number of nulls and null depth level with minimum number of sensors. In Fig 10, we have compared the proposed method with the conventional method [25] . In this case assumed the failure of (w 2 ,w 5 ,w 6 ) sensors in an array of 32 number of sensors. The convention method recovers the sidelobe level but can not solve the issues of null placement at the desired locations. But our proposed method recovered the sidelobe level and null placement at the desired locations as shown in Fig 10. We can steer the main beam direction if the desired user changes their direction. In this case the main beam is poininting in the direction of wanted user at an angle of 120 degeree along the direction of nulls at the desired locations as depicted in Fig 11 .
In this case, we have compared the error analysis and convergence rate analysis for different number of sensors by the proposed greedy method and conventional method which is shown in Figs 12 and 13. Fig 13 shows the error versus minimum number of sensors for the recovery of the desired power pattern by the conventional [20] and proposed method. Our proposed method recovers the desired pattern with reduced number of sensors as compared to conventional Correction of faulty patterns genetic algorithm [20] . The greedy algorithms require relatively less effort as compared to evolutionary algorithms such as genetic algorithm etc. in terms of error and convergence rate analysis. The estimate is reliable in terms of sidelobes level, null depth level and nulls recovery of the desired pattern. Fig 13 shows the error analysis by the proposed GSCO and conventional method. As can be seen from Fig 11, the proposed GSCO recovers the desired pattern with reduced number of sensors in terms of sidelobes level, null depth level and placement of nulls at the desired locations.
Conclusion
In this paper, the array antenna failure correction problem is developed from the greedy sparseness constrained optimization (GSCO) technique. The available failure correction techniques are based on the readjustment of the active sensors in the array antenna to recover the desired pattern. But the proposed technique taking the advantage of sparseness in terms of sensor location and the failure correction problem is ensemble as an optimization problem and solved by GSCO technique. The pattern recovered by the proposed technique has desired sidelobes level and number of nulls require less simulation time as compared to the existing techniques. Simulation results are offered to show the effectiveness of linear array failure correction problem with GSCO. This method can be extended to circular arrays. 
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